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Introduction
Far-field speech interaction gained a lot of attention in
the last years and the success heavily depends on the
progress made for “AI speech sensors”: intelligent sensor
systems consisting of a microphone array that is enabled
with state-of-the-art speech enhancement as well as ac-
tive noise cancellation and a (mostly cloud-based) recog-
nition system enabled to “understand” the human.
In particular, the appearance of commercial voice assis-
tants has taken research to a new level in case of recogni-
tion, understanding, and interpretation [1], [2] and thus,
the ease of use and the derived applications [3], [4]. This
technology has become one of the mainstay products,
with well-known examples like ALEXA, Siri, or Cortana
from Amazon, Apple, or Microsoft [5].
One of the main reasons behind this, is the given natural-
ness of speaking as a form of communication, in contrast
to the use of additional external periphery. In this sense,
the usage of a voice-controlled mobile phone does not dif-
fer substantially from the voice control of a smart home
application. Besides making the operation of a techni-
cal system as simple as possible, voice assistants should
also lead to a natural interaction. Current voice assis-
tants are very good at recognizing and understanding the
speech content in sense of factual information, but lack
in the understanding of further aspects of the message
(e.g. appeal, relationship) [6]. In many cases the fac-
tual information is just one perspective and not always
the most important one, and a lack in the understanding
of further perspectives lead to many misinterpretations.
During the last decades, the research community has ac-
tively developing techniques allowing to recognize and
detect speakers’ affective information and include them
into the decision process of technical assistants [7], [8].
Another area of applications for such AI speech sensors
are user support in call centres and rhetoric training and
video call support. Especially, the number of video calls,
which already have increased by about 900 % during
the past 15 years has seen an additional temporary peak
growth of 2,900% due to COVID-19 shutdowns [9], [10].
From an affective perspective speakers are primarily left
with prosody as their only means, as in video calls, body
language and eye contact are often limited, the webcam
has a disadvantageous viewing angle, and the transmit-
ted video blurred or dark. Not to forget normal tele-
phone calls and voice messages without a video signal.

In terms of speaker training or speaker support, mostly
values-based, symbolic, and emotive leader signalling is
in the focus [11], which can be traced to charismatic ex-
pressions. Experiments regarding the impact charismatic
voices have on the listeners has been proven by several ex-
periments. Implemented in robots, voices designed with
a more charismatic parameter setting make listeners fill
out longer questionnaires, book certain travel destina-
tions, and even take very long detours by car [12], [13].
In this contribution, a natural interaction is character-
ized by understanding the full scale of human expressions
and as a consequence of this the engagement of people,
allowing them to interact seamlessly with each other and
the technical environment [6]. These considerations di-
rectly lead to the claim of an affective computing enabled
device “in the wild”. Hereby, “in the wild” is usually un-
derstood as having non-optimal recording conditions, i.e.
low signal-to-noise-ratio due to background noise, back-
ground babble, reverberation. But the influence of differ-
ent room acoustics and the signal compression due to the
transmission channel bandwidth is mostly not analysed.
Regarding, analyses of varying environment conditions,
results for superposed noise [14], [15], robust feature
sets [16], [17], feature pooling [18] or feature degrada-
tion for different room acoustics [19] have been reported.
Furthermore, the impact of room acoustic characteristics
on specific feature types and the performance of speaker
state classification has been discussed [20]–[22].
Regarding the effects of speech compression on perceiving
affective speech have only been rarely addressed, concen-
trating the analyses on the influence of various telephone
codecs on automatic emotion recognition. These codecs
typically utilize analysis-by-synthesis methods instead of
a psychoacoustic model [23], [24].
In the current paper, the influence of both transmission
channel bandwidth and room acoustics in both automatic
emotion recognition and charismatic assessment is dis-
cussed using the same (benchmark) dataset. Thereby, a
holistic view in terms of performance influence and un-
derlying feature degradation can be achieved.

Utilized Benchmark Dataset
The experiments reported in this paper all rely on the
Berlin Emotional Speech Database (emoDB). Having
high quality studio recordings, ten (five female) actors
spoke ten German emotionally neutral sentences in seven
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emotion states: anger, boredom, disgust, fear, joy, neu-
tral, and sadness. The final phrases were selected using
a perception test [25]. The samples are stored as uncom-
pressed WAV files (mono, sampling rate 16 kHz, 16-bit
quantization depth, bit-rate 256 kbit/s).

Influence of the Transmission Channel
A large variety of different compression techniques for dif-
ferent speech applications is available, aiming to optimize
the processing in different aspects, i.e. transmission de-
lay, required memory, and computation complexity [26],
[27]. Therefore, usually a selection of certain codecs high-
lighting specific aspects is necessary. In the following, it
will be investigated how codecs influence the recognition
performance and whether this can be (previously) quanti-
fied on the basis of certain measures. Furthermore, it will
be analysed which features are influenced by the coding
and whether certain types of coding (keyword psychoa-
coustic codecs) have an advantage with regard to the
recognition performance.
Regarding the performance influence, [28], [29] and
[30] investigated different codecs on emoDB. Utiliz-
ing an automatic recognition experiments comparable
to [17,11,29], employing an SVM with OpemSmile’s
emobase feature set [31] with standardization [32] and
a leave-one-speaker-out validation scheme to better rep-
resent realistic applications. As a performance measure,
unweighted averaged recall (UAR) is reported. In [28]
different codecs (AMRWB, MP3, and Speex) with differ-
ent bit rates (6.6 - 96 kBit/s) are utilized and compared
against the uncompressed version (WAV). The automatic
recognition results are analysed based on the individual
emotion classes. In General, it could be shown that es-
pecially MP3 as psychoacoustic codec could achieve an
outstanding improvement against WAV for high bit rates.
But with low bit rates and with other codecs, especially
Speex, a reliable classification is not possible. Subse-
quently, in [30], the codec-influenced features are iden-
tified by comparing all features of the compressed sam-
ples with their uncompressed counterparts by applying a
Pearson correlation to each feature. A codec-influenced
feature defined as having a correlation coefficient above
0.9 in the majority of all speakers. By this approach,
99 (10%) of all features could be identified as modified.
Afterwards, the such identified features are replaced by
their unmodified counterparts and then the same auto-
matic emotion recognition experiment as before are con-
ducted. It could be shown that for this replaced features,
a quite similar recognition performance as for the original
data could be achieved. This last experiment is necessary
to prove the assumption that the codec is responsible for
the performance improvement, and that this can be mea-
sured by changes of the underlying features. It has to be
denoted, that neither the ratio nor the type of features is
stable between different datasets, it can be assumed that
especially different acoustic properties (noise, recording
conditions) are the cause [30].
In [29] the effect of recognition improvement for psychoa-
coustic modelling is analysed in depth. By explicitly
comparing a speech codec (AMR-WB), a psychoacous-
tic codec (MP3) and a hybrid codec (OPUS) at the same

bit rates of 16, 20 and 24 kBit/s the authors were able to
show that a psychoacoustic modelling improves the emo-
tion recognition performance in comparison with a pure
speech coding. Additionally, utilizing a dimension reduc-
tion conducted by the speech coding with enriched higher
frequency description layer based on the psychoacoustic
model.

Influence of the Room Acoustics
To investigate to which extent different room acoustics
influence the emotional features and thus the emotion
recognition performance, a re-recording of emoDB is used
in the respective investigations. The detailed experimen-
tal design is described in [19], [33]. Basically using high
quality recording equipment, different room setups were
utilized, an anechoic chamber as baseline, a living room
like environment, two different lecture halls (old, mod-
ern), and a staircase as worst case scenario. Furthermore,
different recording positions with varying microphone -
loudspeaker distances were analysed.
In [19], a similar approach as for the codec compressed
speech was realized, to identify the influence of the dif-
ferent room acoustics on emotion features. By carrying
out a sample-wise statistical analysis (paired t-test) out,
15% of the degraded samples show a highly significant
difference regarding all considered rooms. In depth anal-
yses showed that MFCCs account for approximate 50%
of the degradation. Least impacted are all the features’
Deltas. Regarding individual emotions, it can be con-
cluded that the acoustic environment lead to different
feature degradation. This analysis is extended in [33]
by accompanying emotion recognition experiments. It
could be shown that the performance decreased over all
rooms in a nearly similar amount to the shown feature
degradation, except for the highly reverberated staircase.
In detailed analysis of the relation of acoustic measures
and recognition performance revealed that D50 is an ad-
equate measure to estimate the performance decrease of
the emotion recognition. In [34], [35] a previously ne-
glected factor, room modes, (i.e. acoustical resonances),
are investigated in more detail regarding their influence
on speech emotion recognition. Therefore, the analyses in
an anechoic chamber as baseline condition are extended
by using an absorber hall. The second condition repre-
sents free-field conditions, and thus not having isolated
room modes in the frequency range of speech. For both
conditions, the room impulse response were measured,
and the speech samples were convolved with them. Fur-
thermore, minimum phase conditions were analysed ar-
tificially In [34]. Regarding the impact on the emotion
recognition performance, an influence of up to 6% abso-
lute could be observed. In the anechoic chamber, a few
more massive outliers than in the other conditions could
be observed. We suppose that this is due to the cabin’s
room modes, which distort EMO-DB, especially in the
low-frequency range, important for specific emotions and
speakers. Especially for the investigated rooms, both the
spectral and temporal properties caused a nearly equally
strong impairment of emotion recognition. Minimum-
phase conditions showed a slightly better performance
than non-minimum phase conditions. This could imply,
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that emotion recognition is more robust against spectral
than temporal effects of room acoustics.

Charisma and Acoustic Compression
The power of charismatic speakers originates from three
key abilities: The ability to evoke trust by conveying
competence, the ability to evoke inspiration by conveying
passion, and the ability to evoke motivation by convey-
ing self-confidence [36]. Thus, the concept of charisma is
highly correlated with attributes like trustworthy, per-
suasive, and decided, as well as likeable, enthusiastic,
stimulating, and visionary. [37] investigated the effects
of communication channel bandwidth on the perceived
warmth and attractiveness of speaker voices. Male and
female speakers are differently affected by these band-
width effects: male speakers sounded more childish and
less sympathetic under low-quality narrowband in com-
parison to high-quality wideband conditions. In [38], the
results showed that the applied audio compression sig-
nificantly influences the assessment of a speaker’s charis-
matic impact and that, particularly, female speakers
seem to be systematically disadvantaged by audio com-
pression rates and techniques. These results based on
listener evaluations could be confirmed by a multipara-
metric acoustic analysis for neutral speech [39] and for
emotional speech [40].

Conclusion
Regarding affective sensing, and the intelligibility of af-
fective information, this contribution discusses mainly
two scenarios, a) the acoustic compression due to limited
transmission bandwidth and b) the influence of differ-
ent room acoustics. It could be shown that for both as-
pects, the influence on affective information is an under-
researched topic.
Regarding the different codec analyses, it could be con-
cluded that a psychoacoustic treatment of the audio data
can improve the recognition ability of automatic recog-
nition systems, but we are lacking proper measures to
predict the influence of the compression. Regarding the
emotion recognition in far-field, it could be shown that
speech shows performance drops due to several environ-
mental factors, including background noise, echo, rever-
beration, delay and others and that D50 seems to be a
good predictive measure. However, the obtained differ-
ences are too small to draw firm conclusions. Regarding
far-field applications, an automatic analysis of a sinus
sweep could give a glimpse of feature group-related dis-
tortions and motivate context-based feature selection.
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